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ABSTRACT

We describethe AT&T recognitionsystemusedin the Large
Vocahulary CorversationaSpeectRecognitionLVCSR-2000)
evaluation. It is basedon multi-passrescoringof weightedFi-
nite StateMachines(FSMs)usingprogressiely moreaccurate
models.Thefinal stageswhich provide highestrecognitionac-
curag, usecombinedoutputsof seseral modelsthat were de-
signedsothatthey areasdifferentfrom eachotheraspossible.
Acousticmodelsusedin the systemvaried alongthreediffer-
entdimensionsaimedat providing maximally differentacous-
tic models:genderdependeng cepstralariancenormalization
andtriphonevs. pentaphone We usedsix out of the total of
eight possiblecombinationsof modelfeatures. The last steps
usethe outputsfrom all the modelsto improve the Maximum
LikelihoodLinear Regression(MLLR) adaptatiorstepandfi-
nally the recognitionresultswith the adaptedmodelsare all
usedto provide the single bestcombinedrecognitionhypoth-
esis.

1. INTRODUCTION

Large Vocahu-
lary CorversationalSpeechRecognition(LVCSR) evaluations
aretheresultof the long-termeffort to improve the recognition
accuray of truly spontaneousonversationalspeechrecorded
overthetelephone.

Thetrainingdataandthe evaluationdataconsistof partsof two
databases.The Switchboard databases a collection of con-
versationsbetweensubjectson a predefinedtopic. The Call

Home databasaés a collection of conversationsbetweensub-
jectsandtheir family members/friendsvith no constraintson
thetopic. Althoughthereis anorderof magnitudemoreSwitch-

board trainingdata,thereis the sameamountof evaluationdata
from thetwo datasets.

The combinationof unconstrainedopic and vocahulary, lim-
ited bandwidth network distortions,environmentnoiseandthe
spontaneityof speech(including all disfluencieghat occurin
spontaneouspeech)resultin relatively low recognitionaccu-
rag/ rates,despitethe ability to use multi-passstratgjiesand
allowing non-real-timescenariogor off-line recognition.

We report on mary improvementsto our systemsince the
LVCSR-98evaluation[4]. In particular we describethe ways
to combinerecognitionresultsobtainedwith differentlytrained
acoustiomodels(bothword latticesandone-bestesults)to im-
proverecognitionresultsrelative to thebestachiezedresultwith
ary of theavailablemodels.

2. ACOUSTIC TRAINING DATA

Theofficial trainingsetis opento ary publicly availablespeech
and text data. However, in practice, most sites participating
in the evaluationsuse the original collections of recordings
from the Switchboard databas€Switchboard 1). Switchboard

2, which are the more recentrecordings,are resened for the
evaluationdata. In addition, a predefinechumberof recorded
Call Home corversationsareincludedin thetrainingdataset.

Therecordingswereoriginally donein stereowith eachchan-
nel correspondingo one side of the telephonecorversation,
recordingthe completecorversation. In orderto train acous-
tic models,lexical transcriptionand segmentationinto turns is
required,togetherwith a dictionaryfor the wordsin the tran-
scriptions.

In the past,we obtainedsuitabletranscriptionsand segmenta-
tion into turns form BBN, but this covered only someof the
training data. For this evaluationwe mostly usedthe segmen-
tations and transcriptionsfrom the effort at Mississippi State
University (MSU) to clean-upthe Switchboardtranscriptions,
asavailablein November 1999. More specifically we usedall
of the cleaned-ugonversationgrovided by MSU, or we used
the original BBN transcriptionspr if neitherwasavailablewe
usedthe transcriptionsprovided by MSU, but which had not
beencleaned-upWe usedthe MSU versionof the pronlex dic-
tionary, augmentedy the few wordsthatappearedn thetran-
scriptions put werenot partof thedictionary resultingin theto-
tal of 45642lexical items.We used2245corversatiorsidesthat
werecleanedup at MSU, 1331 corversationsidesas provided
to usby BBN in 1997,and999 corversationsidesprovided by
MSU, but that were not cleaned-up.In additionwe used234
corversationsidesof Call Home data.No attemptwasmadeto
improve the quality of the transcriptionsor sggmentationsnto
turnsin ary way whatsoger. A few corversationsideswere
eventually discardedastherewasinsuficient datato success-
fully performadaptationandthuscouldnotbe usedin training
involving adaptation.

3. LANGUAGE MODELS
We usedtwo kindsof languaganodels(LMs) in theevaluation.
The first was a smallerand simpler 3-gramlanguagemodel
which wasusedin all of therecognitionpassesThelargerand
morecomple 6-gramlanguaganodel(andtheadaptedrersion
of the same)was only usedto rescoreexisting word lattices
which weregeneratedisingthe 3-gramlanguagemodel. This
is achieved by taking the word latticesgeneratedt a recogni-
tion/rescoringpasswhich have combinedacousticdurationand
languagemodel costsat every word arc, removing the 3-gram
languagemodel costandreplacingit by the 6-gramlanguage



Additional LM TrainingData
Shav Source No. words | Type
SoapOperas 4.5Million | ClosedCapt.
All My Children http://members.tripod.com/"LauraAMC
Another World http://members.tripod.com/11&ura AW
General Hospital http://members.tripod.com/1T®HTranscripts
One Lifeto Live http://members.tripod.com/11&uraOLTL
Port Charles http://members.tripod.com/1PCTranscripts
Friends http://www.geocities.com/Hollywod/9151 141K Transcripts
Sabrina the Teenage Witch | http://www.bccnet.force9.co.uk/transcripts/ 243K Transcripts
Real Hollywood Talk http://www.universalstudios.com/unichat.30wehat/transcripts| 1.3Million | Transcripts

Tablel: Sourcedor Additional training Datafor Improving LanguageModels

modelcost.

The languagemodel usedin the recognition/rescoringasses
was a simple Katz bacloff 3-grammodel, basedon training
from threesourcesSwitchboard transcriptg3.5M words),Call
Home transcripty.3M words),andBroadcast News transcripts
(165M words). The contritutionsof the training datafrom the
threesourceswere effectively weightedin a ratio of (1:1:.15).
The 3-grammodelwas shrunlen using the techniqueof Sey-
moreandRosenfeld1], giving amodelwith 497855statesand
1554689arcs(456421-grams4522122-gramsand5589793-
grams).

For trainingthe larger, recoringlanguagemodel,in additionto
thetrainingtext usedfor thefirst passmodel(from Switchboard,
Call Home and Broadcast News), transcriptsrom varioustele-
vision shavs wereadded asshawvn in Tablel.

Using this additionaldata, a 6-grambacloff languagemodel
wascreatedwith 9.2M states,18.6M arcs,anda perpl«ity of

95onadevelopmentestset(456421-grams;123810R-grams,
24313133-grams,7748444-grams,1795455-gramsand28717
6-grams).

In the final pass,after rescoringlatticeswith this 6-gramlan-

guagemodel,the LM scoreswere further adjusted. For each
corversationall thewordsin the bestpathtranscriptionsof all

turnswerecollected.For eachword, a weightingfactorwasas-
signedbasednthelik elihoodthatawordwill appeamorethan
oncein a corversation. The word latticeswere thenrescored
with eachcandidatevord arcLM costmultiplied by this factor

More specifically we adopteda minimal approachto trigger
word modeling,namelymodelingthelikelihoodthata word is
its own trigger(thelik elihoodthathaving seeraword oncein a
corversationthatsameword will be seenagain).To modelthis
effectwe addto eachword in the 6-gramrescoredvord lattice
a word-boostingfactor basedon the numberof conversations
in which thatthe word appearsnorethanoncein Switchboard
and Call Home training transcriptions. The boostingfactoris
estimatedasFW2 / FC2, whereFW?2 = the countof the word
occurringmorethanoncein a conversationin thetraining,and
FC2=thenumberof corversationghattheword appearsnore
thanoncein thetraining. This boostingweightis normalized
by the overall word frequeny andthe numberof conversations
(sincethis is alreadyaccountedor in thelanguagemodel). To
usethis weighting,for eachcorversation the the setof words
in the bestpathfor all the sggmentsis determined. Thenfor
eachsggment,eachword in the word lattice is reweightedby
the boostingweightsfor this word set; words not in the best

LanguageModel Word Error Rate(%)
3-gram 44.0
6-gram 42.9
6-gram+ TV shavs 42.6
6-gram+ TV shaws + adaptation 42.5

Table2: LanguageModel Improvements

patharenotreweighted.Note, this word-boostingdoesnot pre-
sene the probability interpretationof the languagemodel,and
indeed,the boostingwas scaledby a factor selectechasedon
explorationswith variouslanguagemodelsfor the development
testset. The improvementin word error rate from this word
boostingon the developmenttest setis small (0.0-0.2%)and
doesnt seementirelystable.

The overall improvementsobtainedwith more advancedlan-
guagemodels(size,complity or amountof data)on a devel-
opmentsetareshavn in Table2.

4. ACOUSTIC MODELS

A total of six differentmodelsweregeneratedor LVCSR-2000
evaluation.

The primary model, usedfor all the passedor generatinghe
final rescoringlatticeswastriphonebased(tri), genderdepen-
dentmodel (GD) trainedon variancenormalized(vn) cepstral
parametersTherewasonemoretriphonemodelusedin the fi-

nal stageswvhich wasgenderindependen{Gl), trainedon raw

cepstralparametergnvn). This model was originally trained
for the LVCSR-98 evaluation. The additional four models
usedpentaphoniaepresentatiorfpenta),two were genderde-
pendent,the other two genderindependent. Two usedvari-

ancenormalizedcepstrathe othertwo usedraw cepstra.Each
of the modeltypeswere built using Vocal Tract Normalized
(VTN) [7] [8] cepstraparametersandSpealkr Adaptive Train-

ing (SAT) [9]. All of the new modelsusedtied-covariance
transformationg?] [13]. A total of seven tied covariance
transformationswas used, two for vowels, and one eachfor

fricatives, nasals stops,trills+glides, and silence+noisesThe
labelswe usefor the six modelsare: tri_GD_vn, tri_Gl_nvn,

pentaGD_vn,pentaGD_nvn, pentaGl_vn, pentaGl_nvn.

Tree-basedop-davn clusteringwasusedfor determiningstate
tying. The contextual spanof questionsusedin building the
treesdefinemodelsastriphonic or pentaphonicdependingon
whetherthe questionsxtendedio onephoneméebeforeandone
phonemafteror two phoneme$eforeandtwo phonemesifter,



respectrely.
Genderdependencimpliesthatonemodelwastrainedonly on
the datafrom spealrs of onegenderandthe otheron the data
from speakrs of the other gender Originally, this wastrue,
whenwe built modelson a subsebf thetraining data.We then
usedthosemodelsto determinethe genderautomaticallyfor
eachconversationside basedon total acousticlikelihood. The
samemethodwasalsousedin theevaluationin thefirst passo
determinegenderof the speakr in eachconversationside (al-
waysassuminghatthereis only onespealer per conversation
side).We never measuredhe accurag of theautomatiogender
determination.

Variancenormalizatiorof cepstraparametersvasperformedn
thefollowing way. Wefirst definedthetargetvariancedor each
speakr by finding the averagestandarddeviation acrossall
corversationsidesin the training data,usingonly non-silence
frames.Thesetwelve averagestandardieviationssquareqone
for eachof the twelve cepstralcoeficients) becamethe target
variancesFor eachof theconversationsideswe thencomputed
the variancedfor all non-silenceframes,for eachcepstralpa-
rameterandscaledeachof theparametersothatthe new vari-
ancesnatchthetargetvariancesThealgorithmfor determining
non-silenceframeswas very simple: startingfrom beginning
andthe endof the utterance(turn) every framewhoseenegy
wasbelav -20.0,up to thefirst framewhoseenegy wasabove
-20.0,wasconsideredilence.In additionary framein theturn
whoseenegy wasbelav -40.0wasalsoconsideredilenceand
wasnot usedin computingthe variances.The samealgorithm
was usedin both training and evaluation. This algorithmwas
comparedo using acousticmodel provided segmentationgo
determinewnhich arenon-silencdrames.andit provideda0.1%
reductionin errorrate(absolute)on adevelopmentset.

All modelsalsousedconversatiorsidebasedtepstrameansub-
tractionin trainingandtesting.

In additionto the baselinemodelusedin thefirst passto gener
ateword latticesfor rescoring(tri_GD_vn) all the modelsonly
hadtwo versions:Vocal TractNormaliation(VTN) trainedand
Spealer Adaptive Training (SAT) trainedmodels. We first de-
terminedVTN factorsfor eachcorversationsidein thetraining
datausingthe baselineGD model, and generatectepstralpa-
rametersbasedon thoseGD VTN factors. In orderto do the
samefor the GI models,we traineda tri_Gl_vn modelon the
minitrain dataset (every fifth conversationside from the full
training set)andestimateds! VTN factorsandgenerateaep-
stral parameterdasedon thoseGl VTN factors. VTN factors
areestimatedy performingforcedalignmenionreferenceran-
scriptionfor a conversationside using cepstrageneratedvith
the full rangeof VTN factors. The alignmentwith the high-
estlikelihoodscoredeterminedhe VTN factor We usedrange
of 0.9- 1.1 for GD modelsand0.8 - 1.18for GI models,with
incrementf 0.02.

TheSAT modelsusedVTN modelsasseednodels.andall used
Maximum Likelihood Linear Regression(MLLR) adaptation
[6], [10] with seventransformationsvhich exactly matchedhe
seventied-covariancetransformationén termsof allocationsof

gaussiangn the acousticmodelto one of the transformations.

Only thetri_Gl_nvn built for the LVCSR-98evaluationwasdif-
ferent,usingfive transformationsn training, with gaussiaral-
locationsdeterminedby k-meansclusteringof gaussiammean
valuesin themodel.

All triphonemodelshadapproximatelylOk stateswith 12 mix-
ture componentsach, making a total of approximately27k
three-statéeft-to-right HMMs. The pentaphonenodelsranged
in sizefrom 12.5k statesto 15.5k stateswith 12 mixture com-
ponentsmakingatotal of 125kto 155kthree-statéeft-to-right
HMMs.

5. LEXICAL MODELS

We primarily usedPronLex-basedexicon providedby MSU as
available in Nov. 1999. Therewere about45k wordsin the

lexicon, but morethan5k wereremoved from thefinal wordlist

asthey weredegeneraten someway (spellingstrying to match
mis-pronunciationgruncatedwords,etc.) We alsoaddedmul-

tiple pronunciationdo the PronLe& systemusingthe methods
of the WS97PronunciatiorModelingteam[2], namely:

1. phonetically transcribing the training set w/ an ICSI
decision-tredbasedpronunciatiormodel

2. culling frequentlyseernalternatie pronunciationsn these
transcriptionsand adding them to the baselinelexicon
alongwith theirrelative frequencies

6. SYSTEM ARCHITECTURE
Therecognitionsystemusedin the LVCSR-2000evaluationis
basedon a cascadef rescoringof word lattices[5] usingpro-
gressvely moreaccuratamodels.Therearemary distinctsteps
in the recognitionprocess.We will describethe overall strat-
egy first. Laterwe will defineeachof the individual stepsto
completethe descriptionof the systemarchitecture.

Theoverall systemstructurecanbe separateéh threesteps.

e Thefirst stepusesasmallacoustianodelto generatevord
latticesof suitablesizeandaccurayg for furtherrescoring
andperformsgenderdeterminatiorfor eachcorversation
sidein thetestset.

e Thesecondstepusesall of the availablemodelsto deter
mine VTN factors,rescoreghe word latticesand gener
atesoutputword lattices, one set per model, for further
combininginto a singlesetof recognitionhypothesis.

e Thethird steptakesthe differentoutputsfrom the avail-
ableacousticmodelsandcombinesheminto a singleset
of hypothesisasthefinal recognitionresult.

Rescorings theprocessvhich addsacousticanddurationcosts
to thelanguagemodelcostsin theinputwordlatticeandoutputs
anew wordlatticewith thecombineccosts.It isimportantto re-
memberthateachrescoringstepin all the experimentsconsists
of two parts: Thefirst partrescoresa word lattice which con-
tains3-gramlanguagenodelcostshy addingacousticanddura-
tion modelcostsandoutputsawordlatticewith combinectosts;
The secondpart replaceghe 3-gramlanguagemodel costsby
6-gramlanguagemodel costsand outputsa word lattice with
combinedcosts.If only thebestpathis required,it is easilyex-
tractedfrom the word lattice thatcontainsthe combinedacous-
tic, durationandlanguagecosts.

6.1. GENERATION OF WORD LATTICES FOR
RESCORING

Thefirst stepwhich generatesatticesfor rescoringwith multi-
ple modelsconsistof several passes.

e Thefirst passperformsrecognitionwith both genderde-
pendentmodelsusing a fully composedsearchnetwork



[3] to outputword latticesasfinite statemachinegFSMs)

to be usedin rescoring,andto simultaneouslyperform

genderdetermination. This is an extremely inefficient

way to performgenderdeterminatiorand hasbeencho-

senprimarily out of convenience.The modelwith higher
total likelihoodfor thecornversatiorsideis selecteddefin-

ing the genderandword latticesfor rescoring. The out-

putword lattices(FSMs)arestrippedof all the arc costs,
which are then replacedby the 3-gramlanguagemodel

costs. Thoseare now latticespreparedor usein further

rescoringpasses.Thefirst passusedmodeltri_GD_vn to

outputword lattices.Thepruningthresholdsvereselected
sothatthelatticeword errorratewasin the 10-15%range
for the Switchboard portionof the Dev-98 dataset.

e Thesecondassof thefirst stepfindsthebestpaththrough
the latticesfor every speakr/coversationside. They are
usedwith forcedalignmentin selectingheVTN scalefac-
tors. We selecthecepstracomputedvith thechoserVTN
scalefactorandusethemin furtherrescoringpassesvith
the GD model.

e The third passrescoresthe lattices using an acoustic
modelthat wastrainedon warpeddata(VTN versionof
thetri_GD_vn model).

e In theforth passtherecognitionresultfrom thethird pass
(only the bestpath)is usedfor alignmentwith the cep-
straand estimationof one global transformationmatrix
for MLLR adaptatiorof the SAT versionof thetri_GD_vn
model. The adaptednodelis usedto onceagainrescore
theword latticesgeneratedhn thefirst pass.

e In the fifth passwe usedseren MLLR transformations,
with Gaussianmean classesexactly matchingthe tied-
covariancetransformatiorclasseso adapthemodel. The
recognitionrun in this pass(not a rescoringpass)using
theadaptedAT tri_GD_vn modelis usedto generateven
sparseandmoreaccuratevord latticesfor furtherrescor
ing steps.

Thoseword latticesarethefinal outputof thefirst stepandwill
be usedfor rescoringwith all of the six acousticmodelsin the
secondandthird steps.Theadditionalstepof generatingescor
ing latticeswith the adaptedmodel reducesthe error rate by
0.3%with the LVCSR-98systemon Eval98by reducingsearch
errors. It alsoprovidessignificantlysmallerlatticeswhich im-
provesrecognitionspeecandmemoryusage.

6.2. GENERATION OF WORD LATTICES BY MULTI-
PLE MODELS
The secondstep essentiallymimics the secondthrough fifth
passeof the first step,using the VTN and SAT versionsof
the six available models. Thereis only one exception. The
modeltri_Gl_nvn continuego useoneMLLR transformatiorin
thefifth passasit doesnot usetied-covariances.The resultof
the secondstepis a setof word latticeswith combinedacous-
tic, durationand6-gramLM costsfor eachof the six available
models.
6.3. MODEL COMBINATIONS FOR IMPROVED
RECOGNITION ACCURACY
Thethird stepof therecognitionprocessusesthelatticesgener
atedwith thesix differentmodelsto generatea singlecombined
hypothesis.

Thisis achievedin severalpasses.

Word Error Rate(%)
bestsinglemodel 36.90
combinedoutput 35.41
bestsinglemodel(combinedadaptation) 35.75
combinedoutput(combinedadaptation) 34.93

Table3: Combinedmodelimprovements

e Thefirst passcombineshe latticeshy intersection.First
we order the modelsby expectedword accurayg, from
mostaccurateo leastaccurate.Next we intersectall the
latticesgeneratedby thefirst two models.If any of thein-
tersectiongesultin anemptylattice (therewereno com-
mon pathsin the outputsof thetwo models)thanthefirst
modellatticeis kept(or theresultof the previousintersec-
tion). Theresultof this processs thenusedto intersect
with the outputlattice of the next model,andso on, un-
til all six modeloutputshave beenused. This procesds
essentialljthe sameto the processusedin the LVCSR-98
evaluation.

e The secondpassis new in our system. It usesthe one-
bestoutputsof all the modelsand the combinedoutput
lattice (total of seven recognitionhypothesiskasthe ref-
erenceoutputfor MLLR adaptationwith all of the hy-
pothesishaving the sameweight. Theintuition is thatthe
correctlyrecognizedvordswill berepeatedsesentimes,
while themis-recognitionsvill berandomlydifferent,and
thuswill getlowerweight,in essenc@roviding aversion
of a confidencescore. We then usethe adaptedmodels
(sevenMLLR transformationspneMLLR transformation
for tri_Gl_nvn) to yet againrescorethe lattices. We also
performLM rescoringwith the adaptedsersionof the 6-
gramLM in this pass.

e Thethird pasgperformsthesamefunctionasthefirst pass
on the resultinglatticesfrom the secondpass. The best
pathfrom the combinedoutputin this passprovidesthe
final recognitionoutput.

On a subsebf the eval-98 datawe obtainedthe resultsshavn
in Table3.

7. LVCSR-2000 RECOGNITION RESULTS
The recognitionresultsfor differentpassesn the first stepof
the recognitionprocessare shavn in Table4. It shavs word
errorrateseparatelyor Switchboard andCall Home partsof the
evaluationdata,aswell asthe combinedword errorrate. The

Word Error Rate(%)
Model/pass| LM CH | SWBD | Combined
baseline 3-gram| 43.8| 31.0 37.4
baseline 6-gram| 41.9| 29.8 35.9
VTN 3-gram| 42.1| 29.3 35.8
VTN 6-gram | 404 | 27.6 34.0
MLLR-1 3-gram| 40.1| 27.1 33.6
MLLR-1 6-gram | 38.6 | 25.8 32.2
MLLR-7 3-gram| 38.2| 255 31.9
MLLR-7 6-gram| 37.9| 25.3 31.6

Table4: Thefirst stepof therecognitionprocess




Word Error Rate(%)
Model/pass| LM pentaGD_vn | pentaGD.nvn | pentaGl_vn | pentaGl_nvn | tri_GD_vn | tri_Gl_nvn
VTN 3-gram 33.7 334 34.3 34.4 34.6 35.7
VTN 6-gram 32.2 32.1 32.9 33.0 32.2 34.2
MLLR-1 3-gram 31.7 317 32.4 32.3 33.1 33.6
MLLR-1 6-gram 31.1 30.5 311 31.0 31.8 33.0
MLLR-7 3-gram 30.5 30.4 311 31.0 31.7 33.6
MLLR-7 6-gram 30.3 30.2 30.8 30.7 314 32.6
Table5: The secondstepof therecognitionprocess
Word Error Rate(%)
Model/pass LM pentaGD_vn | pentaGD_nvn | pentaGl_vn | pentaGl_nvn | tri_GD_vn | tri_Gl_nvn
MLLR-7 6-gram 30.3 30.2 30.8 30.7 31.4 32.6
combined 6-gram 29.6 28.9 28.8 28.7 28.6
MLLR-7-combined | 6-gram 29.5 29.6 29.9 29.9 30.1 334
combined 6-gram 28.9 28.5 28.5 28.5 28.4
combined adapt.6-gram 28.8 28.4 28.5 28.4 28.4

Table6: Thethird stepof therecognitionprocess

resultsareshavn for thefirst pasawvith thebaselinenodel, VTN
model result, and resultsfor the adaptedmodel results, both
whenusing one and seven MLLR transformations.For each
passthereis alsoa resultwhena 3-gramand6-gramlanguage
modelsareused.

The recognitionresultsfor differentpassesn the secondstep
of the recognitionprocessare shavn in Table5. It shavs the
combinedword errorratefor eachof thesix differentmodelsin
all of thedifferentpassesf thesecondstepfor boththe3-gram
and6-gramlanguagemodels.

The recognitionresultsfor differentpassesn thethird stepof
the recognitionprocessare shavn in Table6. It shavs com-
binedword errorratefor eachof the six differentmodelsin all
of the differentpasse®f the third stepincluding the result of
combiningall the modeloutputs. It separatethe singlemodel
accuray whenthe modelis adaptednly on the previous best
outputof thatmodelandwhenit is adaptecn all the bestout-
putsof all the modelsplusthe bestcombinedoutput. Only the
resultswith the6-gramlanguagenodelareshavn. Firstthere-
sultswith thestandards-gramLM areshawvn, andattheendthe
resultswith the adaptedversionof the 6-gramLM areshaown.
Also, for the rows marked “combined” the resultis basedon
combiningall the modelsin the columnsto the left of thatcol-
umn and the modelin that columnfrom the previous row in
the table. The first columnis emptyto indicatetherewas no
combiningof modeloutputs,the secondcolumnis the combi-
nationof the first and secondmodeloutputs,the third column
is the combinationof the first, secondandthird modeloutputs
etc. Theresultsgenerallygetbetterasmoremodeloutputsare
combined.The row marked MLLR-7-combinedshaws results
for the singlemodelwhich wasadaptedusingoutputsof all the
modelsandtheir combinedoutput. The first row is justa copy
of thelastrow from Table5 for comparison.

It is importantnotto obsere ary of therescoringresultsin iso-
lation. Thereis aninteractionbetweerthemodelusedto gener
aterescoringlattices,transcriptionusedto performadaptation

of theacoustionodelandthe modelusedto performrescoring,
that can significantly affect recognitionresults. For example,
theVTN resultfor tri_GD_vn in steponeandsteptwo (35.8and
34.6with 3-gramLM; 34.0and32.9with 6-gramLM respec-
tively) are significantly different, and yet the only difference
wasin thelatticesthey wererescoringeventhoughthelattices
were generatedvith differentversionsof the sametri_GD_vn
model. The biggerthe changein the setupthe strongerthe ef-
fectsontheerrorrate. It canalsobe seenin thedifferencede-
tweenthe GD andGl resultsfor otherwisecomparablaesults.
In the experimentson the developmentsetwe generallyfound
GD modelsto have the error rate about2.0% absolutelower
than Gl models. The differenceis muchlower in the rescored
resultsasthe Gl scoreis artificially improved by rescoringrel-
atively sparseescoringatticesgeneratedy a GD model.

8. CONCLUSION

We have presentedur LVCSR-200Qecognitionsystenfor use
in the DARPA evaluationson the Switchboard andCall Home
speechcorpora. The systemconsistsof aninitial recognition
stepwhich outputsword latticeswhich are then rescoredus-
ing alarge numberof acousticnodelswhich weredeliberately
trainedto maximizetheir differences.The final stepusestwo
differentwaysto combinesthe outputsby the differentacous-
tic modelsto improve recognitionperformanceThe morecon-
ventionalway intersectslifferentmodelgeneratedvord lattices
for improving recognitionaccurag. The nev methodusesthe
bestpathsfrom differentmodelsasreferenceranscriptiondor
performingthe MLLR adaptatiorandimproving theadaptation
processsimilar to what can be achiezed by using confidence
scores.Whenthoseoutputsare combinedby intersectingout-
putword latticeswe achieve significantlyimprovedrecognition
resultswhencomparedo ary of theindividual modelsalone.
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